Introduction
Tree crown defoliation or foliage transparency is the most important indicator of tree health today, especially when the potential of forests to mitigate and adapt to climate change is becoming increasingly more relevant. However, visual assessment of the crown defoliation rate is seen as being unreliable due to the subjective nature of the observation involved (Ferretti 1998) , as well as the crown defoliation is questioned as an adequate indicator of forest condition (Johnson & Jacob 2010) and this has resulted in a large number of suggested reasons as to why there has been a general decline in the overall condition of forests. A lack of long term studies based on a fully standardised methodology has led to increased uncertainty in this field . Despite this, visual estimations of defoliation are the basis of methodological frameworks adopted by various trans-national and national forest health monitoring programs, e.g., the European International Co-operative Program on Assessment and Monitoring of Air Pollution Effects on Forests (ICP-Forests) that has been operational since 1986 (UN-ECE 1994, Johnson & Jacob 2010) or the Lithuanian National forest inventory (Kuliešis 2008) . It has been also shown that the field collection of forest defoliation data is an expensive and time consuming procedure, resulting in spatially incomplete sampling (Moskal & Franklin 2004) . Therefore, the aim of our study in general is to find more objective indicators of forest health and remote sensing based techniques to facilitate forest health assessment.
Deteriorating forest health normally leads to defoliation and/or changes in foliage color (Auclair et al. 1992 , reduced tree crown parameters and changes in the concentrations of chlorophyll and other pigments (Innes 1995) and in the leaf or needle structure. Foliage reflectance in the visible region of the electromagnetic spectrum is known to be mainly related to absorption by photosynthetic pigments, such as chlorophylls a and b and other accessory pigments (Gates et al. 1965) , while the near infrared reflectance is influenced by multiple refractions of radiation along cell wall-water-air interfaces due to differences in refractive indices associated with their foliar components (Gausman et al. 1977) . Damage, usually accompanied by defoliation, causes changes in the reflectance of tree crowns, especially in the near-infrared region (Leckie et al. 1988 , Daniulis 1998 , Atzberger & Werner 1998 , Entcheva Campbell et al. 2004 , Barry et al. 2008 . Furthermore, defoliation decreases the contrast between the tree crowns and ground surface (Haara & Nevalainen 2002) . This means that changes in forest health conditions affect properties that can be analyzed by remote sensing techniques.
The role of remote sensing in forest health assessment has been acknowledged in numerous research and technical publications (Ciesla 2000 , Solberg et al. 2004 , Wulder et al. 2006 . Satellite image based forest health assessment is a widely-used technique for large-scale surveys (Ciesla et al. 1989 , Hildebrandt 1993 , Zawila-Niedzwiecki 1996 , Ardö 1998 , Heikkilä et al. 2002 . The importance of satellite remotely sensed images in the cartographic modeling of tree crown defoliation at a relatively local level has been previously reported in Lithuania (Augustaitis & Mozgeris 2003) . That study found that SPOT (Satellite Pour l'Observation de la Terre) multispectral images (XS), used along with other parameters derived from forest geographic databases and panchromatic orthophotos in multiple linear regression models, improved the sample plot level prediction of tree crown defoliation by 10%. However, the use of satellite remote sensing for forest health assessment at a local level has several key limitations: the spatial resolution of satellite images depends on the satellite sensor type, acquisition of timely imagery may be too expensive, if not impossible, due to natural reasons, e.g., cloud cover. Aerial photography offers higher spatial and temporal resolutions and has been widely applied for forest health inventories (Kuhl 1989 , Wulder et al. 2006 . Methods used to extract forest health related attributes from aerial images range from visual interpretation to fully automated processing (Haara & Nevalainen 2002) . The potential to detect crown defoliation classes corresponding to the ones used by UN-ECE/ICPForests for pine and spruce stands using visual analytical interpretation of color-infrared (CIR) aerial photographs at a scale 1:10000 in Lithuania has been reported by Daniulis & Mozgeris (1993) . More recently, Augustaitis et al. (2009) reported on the potential to assess tree crown defoliation from color-infrared images using a Leica RC30 film camera and Kodak Aerochrome III Infrared 1443 aerial film at a nominal scale of 1:10000. To date, the research trends in remote sensing aided forest health assessment have been towards using modern data acquisition techniques, such as laser and hyperspectral scanning (Solberg et al. 2006 , Lyytikäinen-Saarenmaa et al. 2008 , Pontius et al. 2008 , Bater et al. 2010 , Bikuviene & Mozgeris 2010 . However, conventional aerial photography, laser and hyperspectral scanning, etc., all share a common limitation: the relatively high costs associated with data acquisition and processing, especially when relatively small areas need to be inventoried.
Small Format Aerial Photography (SFAP) traditionally is referred to using 35 mm and 70 mm cameras for image acquisition (Ciesla 2000) . SFAP techniques have found some applications in forestry investigations and assessments over the past few decades (Anderson & Walner 1978 , Ambrosini et al. 1997 . However, their use in forest health applications remains at the level of tests and demonstrations (Ciesla 2000) . Nevertheless, SFAP is considered as a potentially effective and inexpensive tool to assess the health condition of trees and forests (Ambrosini et al. 1997 , Martins et al. 2001 , Aber et al. 2002 .
The 36x24 mm CMOS (Complementary Metal Oxide Semiconductor) sensor of the Canon EOS-1DsMark II digital camera installed on-board the ultra-light SkyArrow aircraft used in this study includes the limitations of SFAP: a relatively small land area covered by a single image and a limited number of distinguishing objects for photogrammetric processing. However, the costs associated with small format images are much less than those associated with conventional color-infrared aerial photography used in Lithuanian stand-wise forest inventory (Mozgeris & Masaitis 2010) , especially if relatively small areas are to be flown. Recently, orthophotos developed using the same small format imaging system as described in this paper were found to be suitable for solving tasks connected with the conventional stand-wise forest inventory in Lithuania ).
The aim of the current study was to investigate the potential for using small format digital aerial images to estimate Scots pine (Pinus sylvestris L.) crown defoliation. The research was based on a comparison of the relationships between various image characteristics and crown defoliation as well as the defoliation prediction accuracies achieved using small format digital aerial images and images captured using a large format digital frame aerial camera.
Material and methods
Ažvinčiai forest in Aukštaitija National park (26° E, 55.4° N) was chosen as the study area (Fig. 1) . The forest contains multi-aged and multi-layered mature and over mature pine and spruce stands growing on haplic arenosol soils, which become albic and gleyic arenosols in lower areas. In the forest areas the soil is a histosol (eutrophic deep peat soil). The climate is characterized as being moderately cold with high humidity and abundant precipitation. Annual mean air temperature is 5.8ºC, mean annual precipitation is 682 mm and the vegetation growth period is 189 days (Augustaitis et al. 2009 ).
The test area was photographed using a Canon EOS-1DsMark II digital camera, installed on-board a SkyArrow ultra-light aircraft on August 1, 2008. The camera lenses were adopted to capture images corresponding to conventional color-infrared photography, i.e., the resulting image bands represented near infrared, red and green spectral regions. The flights were carried out at 300 m altitude above ground surface. Side overlap was 50%, forward overlap 75%, flying speed was 150 km h -1 , average image size on the ground was 469x313 m and the ground sampling density was 9 cm. An EnsoMO-SAIC system was used for flight management, aerial triangulation and image rectification. "Digipreprocess" software was used for image conversions and spectral enhancement (Sarkeala 2008) . Only 16 images forming a block around the forest compartments used in the study were ortorectified. 4 ground control points on the corners and 1 in the middle of the block, manual tie point collection during the aerial trianguliation and no digital elevation model were utilized. Hereafter, these images are referred to as "small format digital aerial images".
The same area was photographed using a large format digital frame aerial camera (Vexcel UltraCam D) on September 14, 2008. The camera system included electronic forward movement compensation and RGB and CIR image capture took place simultaneously. A Rockwell Turbo Commander 690A high performance commuter aircraft was used to carry out the flights. Flying altitude was around 1100 m. The side and forward overlaps were 40% and 80%, respectively, resulting in an image ground sampling density of around 10 cm and average image size on the ground of 1150x750 m. The camera unit was equipped with an Applanix POS/AV 510 GPS/INS system. A ground-based GPS-receivers receiver was also used in order to achieve all six parameters of image exterior orientation. Raw image data from the camera were processed into final TIFF images using Office Processing Centre software from Vexcel Imaging by Blom Kartta Oy, Finland. Only 3 images based on near-infrared, red and green spectral bands were used for this study. The technical characteristics of this type of aerial photography are similar to the ones for standard forest inventory aimed aerial photography in Lithuania (except the ground sampling density, which is around 40-50 cm). Hereafter, these images are referred to as "conventional digital aerial images".
Crown condition in the field was assessed in August, 2008, on 4 Permanent Observation Stands (POS), established in 1994. Each POS (see Tab. 1 for detailed characteristics) initially included 12 circular sample plots with on average 15-20 trees in each plot, i.e., about 150-200 sample trees per stand (Juknys et al. 2003 , Augustaitis & Bytnerowicz 2008 ). In the current study, data from 46 sample plots representing middle aged (age 65 years) and over mature (age 170 years) stands were used - Fig. 1 . Tree crown defoliation for the trees observed had been visually assessed annually for the previous decade by the same two people, thus minimizing the influence of human factors on the ground reference material. Historical records on the defoliation estimates for all trees under the investigation were available and used by one of the specialists, too. The ICP Forest monitoring methodology was employed to assess tree defoliation (UN-ECE 1994) . Additionally, data on tree and stand parameters (mean diameter and height of trees, tree density, basal area and tree volume per hectare) were available.
Only Scots pine (Pinus sylvestris L.) trees were used in the study. The field surveyed trees were identified on both the "small format" and "conventional" aerial images simultaneously with the assessment of tree crown defoliation. Crown projections of each identified tree were manually digitized on the aerial images and stored in a GIS database. Only the central parts of the image were used for tree identification and digitalization. Each of the trees selected had its corresponding characteristics measured from the ground as well as from the air.
The following image characteristics were extracted for the zones, corresponding to each crown identified, using the Zonal Statistics tool of ArcGIS software: mean, majority, maximum, median, minimum, minority, range, standard deviation, sum and variety of digital numbers for each image band. Three types of zones were used in the study to separate sun illuminated parts from the shade parts of the crown and to facilitate the manual crown identification ( Fig. 2 ): (i): zones corresponded to the delineated crown projection polygons (ZONES_1); (ii): the interior area of tree crown polygons was divided into two parts using unsupervised Iso Cluster classification, potentially corresponding to sun illuminated parts (ZONES_2a) and shaded parts of the crown (ZONES_2b); and (iii): the crown projection centroid was located and a 15x15 cell window was generated around the centroid (ZONES_3). Image characteristics coming from sun illuminated and shaded parts of the crown were also used simultaneously to predict the crown defoliation -this type of zones is further referred to as ZONES_2ab. The following types of digital images were used: original images as 3-band grid stacks and transformed images. Two types of image transformation were used: principal component transformation (PC), where all three principal components were used; and the normalized difference vegetation index (NDVI) based on the near infrared and red original image bands.
Several criteria were used to judge the po-iForest (2013) 6: 15-22 tential for aerial images to estimate tree crown defoliation. First, Spearman's rank order correlations were calculated to check the relationships between tree crown defoliation and the selected image characteristics (range, mean and the standard deviation of digital numbers for each image band). Next, defoliation was predicted based on data available just from aerial images and compared with the true, ground estimated parameters. Defoliation was predicted at the single crown level.
The non-parametric k-Nearest Neighbour (k-NN) method was used to predict defoliation for each crown. The k-nearest neighbour method (Tomppo 1993) , or the multi-dimensional version of inverse distance weighted technique, can be briefly described as follows. Some trees in a sample are inspected in-situ by estimating the defoliation. All the crowns are then divided into two groups: Aobservations and B-observations. Both input (auxiliary, e.g., aerial image characteristics) and output (defoliation) data are known for the B-observations but only input (auxiliary) data are known for the A-observations. The crown defoliation can be predicted on the basis of auxiliary aerial image information for all A-observations by utilizing knowledge on the relationships between auxiliary and in-situ information developed using the B-observations. Euclidean distance di,p is then calculated between each A-observation tree crown p in n dimensional feature space of the auxiliary information and the B-observation unit i with field measured defoliation. The letter n refers to the total number of layers of auxiliary information -all proper image characteristics for all image bands or principal components and the area of the zone, corresponding to each crown. Values for k (10 was used in this study, i.e., the 2 nd -11 th nearest neighbours, as the 1 st neighbor was always the tree crown that was being inspec- Defoliation was also predicted as a defoliation class (1: defoliation 0-10 %; 2: 10-25 %; 3: 25-60 %; 4: 60-95 %; and 5: 95-100 %). The defoliation class for the tree being inspected was assigned as the (i) modal or (ii) median class value of the 2 nd -11 th nearest neighbor tree crowns.
As all trees had the "true" defoliation estimate from the field assessment, this value was compared to the predicted defoliation in order to validate the prediction accuracy, i.e., the "Leave One Out" technique was used to compute validation statistics. The following validation statistics were calculated: bias, root mean square error (RMSE) and correlation coefficient (R) between the true and the predicted defoliation for percentage defoliation and the percentage of crowns with a correctly predicted defoliation class (Lillesand et al. 2008) .
The Most Similar Neighbor (Moeur & Stage 1995 , Crookston et al. 2002 
Results and discussion
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images. Average defoliation value of the identified trees was less by 0.5 compared to one of all trees. Ninety seven percent of the trees were identified on the conventional aerial images, resulting in an average defoliation value less by 0.6 compared to one of all trees. As usual, smaller trees of the 5 th Kraft class (suppressed) were not identified on the images.
Spearman's correlation coefficients between tree crown defoliation and selected image characteristics are displayed in Tab. 2. Just three image characteristics out of 10 were used in this study: range, mean and the standard deviation of digital numbers for each image band. Only weak or none pairwise correlations were observed between tree crown defoliation and various other characteristics available from the small format aerial images. Conventional aerial images produced larger correlations than the small format aerial images, especially in the younger (65 years old) stands. Relatively largest correlations were detected using image characteristics extracted for sun illuminated parts of the crowns. The mean values of the digital numbers of the image cells belonging to the delineated tree crown zones was the most correlated image characteristic, especially for conventional images. Larger correlations were detected for image bands referring to the near infrared spectral region, potentially due to the reflectance properties of differently defoliated tree crowns. However, this tendency was better seen using the conventional images, too. Image transformations into principal components and normalized difference vegetation indexes did not increase the correlations. Practically no significant correlations were observed for the image statistics when the crown shadow and 15x15 cells around the crown centroid areas were used as the analysis zones. Correlation coefficients for the small format aerial images were nearly 1.5 times less than the ones observed in a previous investigation located near the study area but using 15 x 15 cm resolution color-infrared images from a Leica RC30 frame camera (Augustaitis et al. 2009 ). Conventional aerial images resulted in up to 20% higher correlations compared to the study mentioned above. Worth to note, that no separation of sun illuminate part of the crown was used in that study.
There were two levels of tree crown defoliation prediction bias, depending on the age of stands being analyzed (Tab. 3). Predicted defoliation was overestimated by approximately 1% in the 65 year old trees and underestimated by 3-4% in the 170 year old trees. Conventional aerial images resulted in a smaller bias than the small format aerial images on the older stands. Prediction root mean square errors fluctuated depending on the prediction approaches, such as image transformations or the type of zone used to extract image characteristics. Taking the best performing prediction settings, the root mean square errors achieved using small format aerial images for younger trees were around 11.5% and the ones for conventional aerial images were 9.5-9.9%. However, the differences in prediction root mean square errors practically disappeared in the older stands. The best achieved root mean square errors were 8.1-8.5%. Sometimes the small format aerial images produced better results than the conventional images.
Separating sun illuminated parts from the shaded parts of the crown and thus reducing the factors influencing the crown representation in the image was expected to improve the defoliation prediction accuracies. However, the prediction root mean square error decreased by several percent. A somewhat larger prediction accuracy gain was achieved using conventional aerial images. In general, image transformation into principal components or normalized difference vegetation indexes resulted in slightly decreased prediction root mean square errors. Principal component transformation of small format aerial images resulted in up to 15% lower root mean square errors compared to using the digital numbers from the images. The idea behind using image statistics from the 15x15 cell windows around the crown centroid was based on the expectation that acceptable prediction accuracies could be achieved without delineating the crown projections. Just having to pin-point the tree crown on the aerial images was expected to be simpler task when using automatic and manual interpretation tools. However, the prediction root mean square errors were practically the same as using image characteristics for crown projection polygons from conventional aerial images.
The class of tree crown defoliation was better predicted using the modal class value of the 10 nearest neighbor tree crowns. The percentage of crowns with the correct defoliation class was 20-50% larger than using the median value (Tab. 4). Otherwise, rather similar results were achieved for all cases being studied. Defoliation class was correctly predicted for approximately 84-88% of older and 75-85% of younger tree crowns. Similar percentages of crowns with correctly predicted defoliation classes were achieved for younger trees using both small format and conventional aerial images. However, conventional aerial images yielded on average values that were 2% larger than values from the small format aerial images.
Only one tree crown defoliation prediction technique, the non-parametric k-nearest neighbour method, was used in this study. There are numerous other solutions that have been widely discussed in forestry remote sensing literature, such as regression (e.g., Hagner 1990 , Nilsson 1997 , Mozgeris & Augustaitis 1999 , static and dynamic stratification (e.g., Poso et al. 1987 , Mozgeris 1996 and k-Most Similar Neighbor estima-Tab. 3 -Defoliation prediction accuracies using the non-parametric k-Nearest Neighbor estimation technique at a single crown level. For each image transformation, upper number (in plain text) refers to small format aerial images, lower number (in italic) refers to conventional aerial images. (Moeur & Stage 1995 , Crookston et al. 2002 , which can also be used to predict defoliation. Some of them may even perform better in defoliation prediction for tree crowns under some circumstances than the k-NN method (Mozgeris et al. 2011) . However, the main advantage of non-parametric prediction is that it avoids the need for explicit models but it does presume that the total variation of the variable under focus is represented in the B-observations (Tomppo 2005) . Usually, the operational use of k-NN should be preceded by the optimization of the settings for the estimator and the list of auxiliary variables, using, e.g., the "Leave One Out" cross-validation technique (Tomppo 2005 , Mattioli et al. 2012 . The approach was to use the same approach for both types of images analyzed -all the image characteristics, t=2 and k=10. The conclusion from previous research has been that the quality of the auxiliary data, including the aerial images, is the most important factor affecting the prediction accuracy, while the implementation tactics and estimators (if the settings are appropriate -the ones mentioned above usually resulted in lowest prediction bias and root mean square errors in other our studies) have a secondary role (Mozgeris & Jonikavičius 2007 , Mozgeris 2008 . This discussion has therefore focused on comparing the types of aerial images, whether small format aerial images may support tree crown level defoliation assessment and whether small format aerial imaging was compatible with the assessments achieved using conventional aerial images. Only two groups of pine trees (age 65 and 170 years) were analyzed in this study. Other tree species and conditions were disregarded due to the small number of tree crowns where there were field inventoried defoliation data available.
Age
The results of this study showed that the small format aerial images may contain the potential to predict defoliation at the tree crown level with a similar accuracy to conventional aerial images. Similar pine tree crown defoliation prediction accuracies were achieved using both types of aerial images (small format and conventional images) on the over-mature stands (170 years old stands). On the middle aged stands (65 years old stands), the defoliation was better predicted by using conventional aerial images. However, both techniques showed a similar accuracy when predicting defoliation class. The rationale to use them at the operational level is the reduced costs related to image acquisition.
It was difficult to compare the costs involved in getting the small format and conventional aerial images used in the current study as both were obtained on non-commercial basis. However, it was possible to use the price lists of the aviation company that carried out the SFAP to the prices for carrying out conventional aerial photography for forest inventory purposes, including large scale aerial photography to investigate tree crown defoliation (Augustaitis et al. 2009 , Mozgeris & Masaitis 2010 , in Lithuania during the last decade. This enabled a rough cost estimation of both imaging techniques to be made. To take into account the effects of time and inflation, the price was adjusted to the official price index. Consequently, in order to calculate the present cost, a real discount rate of 3 % was used. Conventional aerial photography starts to be more cost effective than the SFAP when the project area is more than 20000-30000 ha (Fig. 3 -price values are omitted as they contain confidential information). However, when dealing with small area projects (1000-5000 ha), when the defoliation of individual crowns are targeted and, consequently, very high spatial resolution aerial images are needed, SFAP becomes several times more cost effective than use of conventional aerial photography.
What could be the use of small format aerial photography within the frames of forest health monitoring programs? We see the niche of SFAP in local level forest inventories or forest health monitoring projects, such as International Cooperative Programme on Integrated Monitoring of Air Pollution Effects on Ecosystems (UNE-CE 1993), assessment of forest conditions after natural calamities such as insect attacks, wind damages, etc. Most likely such projects would be initiated on the need or could be carried-out permanently to monitor and archive the forest health status, they would target tree health statistics and would be used simultaneously with the survey of sample trees in the field. 
